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Abstract 
Current predictions of pollen levels rely strictly on historical Averages, regardless of 
environmental factors that might affect the timing of pollen release by different plants. For this 
thesis, the goal was to develop a statistical model that will accurately forecast pollen levels by 
correlating those daily counts to atmospheric and meteorological conditions.  This project used 
ARIMA modeling on IBM’s SPSS Statistics 24 of daily pollen count information for multiple 
allergenic pollens in the Sarasota County, Florida area over a 11-year period. The pollen species 
in question for this project are oak and cypress trees, grass, and ragweed pollens; and Alternaria 
and Cladosporium mold spores. The total pollen counts for weeds, grass, trees, and overall total 
are also included in the 11 years of data. The atmospheric variables used to predict pollen levels 
are high temperature, low temperature, average temperature, precipitation, humidity, wind 
direction, and wind speed for daily observations over the 11-year period. Results for these models 
showed that maximum temperature, precipitation, humidity, and wind direction were the driving 
predictors behind the pollen counts in Sarasota, Florida.  The analysis of the pollination periods 
also showed that there were phenological changes according to the specific species. The models 
and phenological changes are specific to the Sarasota, Florida area, and would serve as a 
framework for studying other pollination regions.
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1.0 Introduction 
Plant pollens are important airborne allergens that can cause significant respiratory diseases 
such as asthma and allergic rhinitis.  The ability to predict the emergence of specific pollens would 
greatly facilitate the ability of allergists and doctors to prepare and treat patients suffering from 
pollen allergies.  Pollen modeling is necessary for the current conditions of global climate change.  
With the ever-changing temperature and atmospheric conditions, pollen is subject to potential 
phenological changes.  This could be potentially harmful to the general population that suffers 
from many different respiratory diseases or allergies.   
According to the American College of Allergy, Asthma, and Immunology (ACAAI), more 
than 50 million people in the United States alone suffers from allergies each year. This is critical 
because about one in five people suffer from these diseases (ACAAI 2016).  These numbers 
include those suffering from asthma and seasonal allergic rhinitis.  Allergic rhinitis occurs in 
seasonal symptoms because it depends on what specific plant pollen or mold spores are in bloom.  
Some symptoms include stuffy nose, itching, swollen eyelids, sneezing, and coughing.  With the 
changing atmospheric conditions and pollen phenology, there is dire need of a model to address 
and predict pollen counts along with meteorological conditions to give doctors enough advance 
warning to plan for the influx of allergy patients. The introduction of Ogren’s Plant and Allergy 
Scale (OPALS; Ogren, 2016)) has placed a value on the plant species that cause the most 
respiratory health issues in humans.  The research done for this thesis provides necessary 
information for the health departments as well as meteorologists and the public.   
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Climate change has had a major impact on the phenology of native plants.  Khanduri et al 
(2008) performed studies throughout the globe on the impacts that global climate change had on 
plant phenology.  Their results showed that there was a 0.8-2.7 day/decade offset in plant 
pollination periods.  In the United States, the study years were from 1959-1993 (35 years) and 
showed an offset of 1.7 days/decade of earlier flowering and pollination of native plants (Schwartz 
and Reiter 2000).  This net offset on phenology is an 8.5 day change in pollination timings from 
1960 until now.  Working on a 10-year data set does not address the question of impacts from 
climate change, but it gives a glimpse of the changing phenology over the last decade.  
 
1.1 Pollen in the United States 
Pollen variability is an important topic to due to the role it plays in plant reproduction and 
the impact it has on human health. This variability of pollen levels from a month-to-month or 
week-to-week basis drives the need for accuracy in pollen modeling in the United States.  Frenz 
et al., (1999) examined pollen variability in a large study that covered the entire United States and 
many other countries throughout the world. Their data summarized the atmospheric conditions in 
the United States over a 31-year period from 1966 to 1996. From a database of over 7,400 articles, 
the authors reviewed atmospheric surveys and identified pollen, spores, and other aeroflaura based 
on seasonal phenological periods throughout the globe. There were 30 locations surveyed within 
the United States and 31 surveys from other countries. This survey's purpose was to compile data 
on weather conditions for further research to be performed. This study resulted in the first 
significant pollen data collection in the world, but it showed many different flaws in this field of 
research.  Many of the study sites were collecting from various heights, using different collection 
devices, or used different collection periods. With the various collection methods performed, the 
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data is unreliable when comparing two collection regions. This study included data from the study 
area geographically close to this thesis, providing a similar baseline for comparison (Bucholtz et 
al., (1991). These pollen counts were collected from the top of the USF Health facilities in Tampa, 
Florida. These are the only baselines of comparison for the 2001-2011 Sarasota, Florida dataset.  
 Ogren (2003) provides background into the pollination of various species of plants and 
trees.  It also provides great insight into the field of allergy study and the impact that pollen can 
have on human health.  Ogren developed the Ogren Plant Allergy Scale or OPALS scale.  The 
OPALS scale represents the allergenicity or the potential for humans to have an allergic reaction 
from that specific plant’s pollen.  The OPALS ratings are based on a 1-10 scale with 1 having the 
least impact and 10 being the most reactive.  Ogren based this rating system on people’s reaction 
to contact with leaves and sap, reactions to odors, and the effects of inhaled pollen.  This OPALS 
scale provides essential context for the predictive pollen forecasting in Sarasota County because 
the six species in question have OPALS ratings of 7 or higher.   
Caillaud et al., 2014, conducted a ten-year study of pollen levels to create a time series 
model to predict a number of medications needed during the peak of pollen season.  They focused 
primarily on Seasonal Allergic Rhinoconjunctivitis (SAR), the main disease caused by sensitivity 
to seasonal pollens.  The 10-year study took place in Clermont-Ferrand, France with the goal of 
finding the relationship between pollen exposure and SAR.  The model used Poisson regression to 
analyze a number of patients coming in for SAR to the pollen concentrations on a day-to-day basis.  
The results showed a 55% increase in SAR patients over the 10-year study.  This shows that pollen 
modeling is more relevant with changing weather conditions from year to year. 
The most relevant article to the Sarasota County study area is Jagger et al. (2015)’s study 
on pollen trends and respiratory-related emergency department visits using pollen count data 
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collected in Sarasota, Florida. In this article, Jagger (2015) used Poisson regression to analyze the 
monthly trends in hospital patient visits in relation to pollen counts in the Sarasota area. The same 
pollen and meteorological data used for this report is also used in this thesis.  The authors 
determined there was a relationship between high pollen counts monthly and the patient visit 
numbers according to Sarasota Memorial Hospital. The hospital three blocks away from the 
collection site. 
  
1.2 Statistical Forecasting 
This literature review will review the different statistical methods referenced or used 
throughout this thesis project. This thesis will rely primarily on the statistical Box-Jenkins 
ARIMA modeling.  
 Ščevková et al. (2015) provide statistical analyses that show the impacts that weather has 
on pollen concentrations.  Using a study period that covers 2002-2010 makes this relevant to this 
research because it follows same time period being analyzed throughout this research. The species 
and geographic locations in question between Ščevková’s research and this project are completely 
different, but it provides a similar time period to compare on a global scale.  In their study, 
Ščevková et al. performed 2-hourly variations of Betula, Carpinus, Populas, Fraxinus, 
Cupressaceae-Taxaceae, and Pinus concentrations of 24-hour periods in Bratislava, Slovakia, 
lasting 9 seasons from February to October. The weather variables were included to analyze 
diurnal patterns of the taxa above. This study took place in Bratislava, Slovakia and lasted 9 
seasons from February to October.  The results of this research showed that the taxa peaked at 
various times during the day based on the pollen concentrations.  They also found that air 
temperature, hours of sunshine, wind speed, and relative humidity has significant relationships to 
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the pollen counts.  Relative humidity has a negative relationship to these specific species.  The 
author’s explanation was that the more moisture in the air, the more the pollen is weighted down 
and cannot travel as far compared to when conditions are drier.  Precipitation will always have a 
negative relationship with the pollen counts because it will prevent pollen from spreading.    
Myszkowska et al. (2014) created a multinomial logistic regression model to predict pollen 
concentrations in Cracow, Poland based on meteorological data over the period 1998-2011. The 
data was collected using 2, 3, 4, 5, 6, and 7-day intervals to provide an accurate mean for 
prediction. The predicted intervals of pollen concentration for several species varied between 35-
78% accuracy based on the weather data.  They found that the model was more accurate for the 
Betula and Poaceae species pollination levels.  The goal of this project was to show the overall 
risk of pollen exposure to the general public. This is the primary focus of statistical analysis used 
with the dataset in Sarasota, Florida.   
 
1.3 Environmental Impacts on Phenology 
Cleland et al. (2007) provided evidence that plant phenology is changing due to global 
climate change, and it could have a much bigger impact on biological processes happening in 
nature.  The authors looked across several fields of research to determine the cause of earlier 
flowering of plants and cause of the earlier green expansion seen in satellite imagery.  Their goal 
was to determine the cause of these changes and to predict the consequences if further climate 
change occurs.  The results of this study will not be enough to gage if climate change is influencing 
the phenology of pollen in Sarasota, but will start to address trends throughout the region.  
 The Khanduri et al (2008) study analyzed the changing growing periods of plants due to 
global climate change.  They used many studies across the globe to analyze the phenologies of 
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many different plant species. Using 378 sites across Germany, Estonia, China, and the United 
States, Schwartz and Reiter (2000) collected the pollen and weather data used in the Khanduri 
(2008) study. The shortest study performed was over a 12-year period in China and the longest 
was a 144-year study in Hungary.  The plant phenology data collected throughout the world 
demonstrated an evident change due to anthropogenic global influences on the climate system. 
Plant growing periods extended by an Average of 3.3 days per decade and plants were flowering 
earlier by a rate of 1.7-2.7 days per decade (depending on location).  This article also shows that 
pollination seasons are moving earlier in the year in other regions of the world.  
 Pollen phenology is highly dependent on the climate conditions throughout the world.  Oh 
et al. (2012) once again showed that climate change has caused a calendar shift in plant phenology.  
A 12-year study was performed from 1997-2009 and showed a shift into earlier pollination of 
native plants due to climate shifts in South Korea.  The study used a Burkard 7-day sampler to 
collect the pollen and spore counts.  The slide was first stained with Calberla’s staining solution to 
be able to analyze the species of pollen and count them. From the results, it showed that Birch, 
Pine, Weeds, and Hazelnut had earlier flowering and pollination than what was previously on 
record.  This study is important to this research because it uses a similar collection process, and 
also provides further insight into the global phenological impacts from climate change. This study 
provided allergists and doctors an accurate pollination calendar for South Korea to plan for the 
influx of patients.     
  
1.4 Research Questions 
In this thesis, there are two main questions: 
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1. Which meteorological variables are significant predictors of pollen levels in Sarasota, 
Florida for 2001-2011?  
 
2. What is the variability in the onset and duration of the pollen season in Sarasota, Florida 
throughout the past decade?  
 
The hypotheses for this thesis was that the main contributing meteorological variables to pollen 
levels would be the high temperature for the day, precipitation, and humidity.  Regarding the 
shifting plant phenology, there is a definite shift in pollination seasons from year to year based on 
the temperature and precipitation fluctuation.  The literature shows that pollination seasons are 
moving earlier into the year, and this thesis addresses the state of plant phenology over the past 
decade.  
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2.0 Methodology 
 This section will provide the methodology used and analysis to create the pollen 
forecasting models of this thesis. First, the data and study area are introduced. Then, the methods 
for how the pollen data was collected from 2001-2011 is described. Next, the construction of the 
forecasting model in IBM’s SPSS Statistics 24 is discussed. Finally, the analysis of the resulting 
models is noted. The methadology for this thesis is specific only to the Sarasota, Florida area 
south of Sarasota Memorial Hospital. Models for other regions will need to be updated to 
account for specific species and phenology to that area.  
 
2.1 Study Area/Data 
Using an 11-year data set, the goal is to create a predictive model that uses meteorological 
forecasts to show pollen levels daily.  The pollen count data used for this thesis came from a unique 
local pollen data set.  Dr. Mary Jelks of the University of Florida collected pollen counts for thirty 
years from 1980-2012.  She used the second story of her house in the city of Sarasota, Florida to 
perform her data collection (Figure 2.1.1). This house is located about three blocks south or about 
0.4 miles (0.65 km) from Sarasota Memorial Hospital.  It is also located about 6.8 miles (10.9 km) 
south of Sarasota-Bradenton Airport, the site where data on the local weather conditions recorded.  
Another point of reference that is key when analyzing the pollen counts and weather data is the 
location in relation to Sarasota Bay and the Gulf of Mexico.  Dr. Jelks’ home is less than 0.7 miles 
(1.1 km) to Sarasota Bay to the west.  This distance is important 
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because the winds coming off Tampa Bay do not provide any significant pollen counts or to the 
Sarasota, Florida area. This is due to the relatively short distances pollen grains travel.  
 
 
 
The species in question for this thesis do not have any documentation showing it travels 
further than 100 kilometers. Even if the pollen grains made it that far, there would not be enough 
grains to make any significant impact on human allergies or plant reproduction.  At Dr. Jelks’ 
collection site, she used a Burkhard Pollen and Spore Counter from 2001-2011 to collect the data 
in pollen grains per cubic meter. The data provided from Dr. Jelks’ collection provided counts for 
Grass, Ragweed, Oak and Cypress trees, and Alternaria and Cladosporium mold spores. Due to 
Figure 2.1.1: Dr. Mary Jelks’ Pollen Collection Site in Sarasota, Florida. 
Base maps provided by ESRI ArcGIS.  Map created by Daniel J. Gessman 
(2017).  
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the relation of Dr. Jelks’ residence (Figure 2.1.1) to Sarasota Bay and the relatively short distances 
that pollen travels, a 1-mile buffer was selected that this forecasting model. This buffer is used to 
show the study area that this forecasting model represents in Sarasota, Florida.   
To clean the data used by Dr. Jelks, the meteorological data had to be attached in the same 
Microsoft Excel table for analysis. This required use of a Microsoft Office plug-in called “Fuzzy 
Lookup.” Creating this fuzzy lookup table attached the meteorological data based on a date format 
of MM/DD/YYYY. There were 241 days or 6% of the data missing from Dr. Jelks’ collection. 
These missing counts were found in the later months in the collection process. The missing dates 
were primarily in 2007 and 2011. There were a minute number of missing dates sporadically found 
throughout the collection. To account for missing data, an average was created from the years 
before and after the date of missing data. If the missing data fell upon a date not during pollination 
season for that specific species, then a value of 0 was chosen. Since only 6% of the data was 
missing from this dataset, it makes this collection reliable.  
 
2.2 Pollen Collection 
Dr. Mary Jelks’ pollen collection generally followed the regulations required by the 
American College of Allergy, Asthma, and Immunology.  According to the ACAAI, there are 
regulations followed when recording pollen levels for a given area. The first step in setting up a 
pollen collection station is using one of the many different pollen samplers available.  The ACAAI 
suggests a Rotorod, Burkhard Spore Trap, Lanzoni, Krammer-Collins, or Allergenco pollen 
collection sampler.  The Rotorod is the same collection device that Dr. Mary Jelks used in the first 
20 years of her pollen collection.  She updated her device to a Burkhard Spore Trap for that last 
10 years of pollen collection.  The first decision has to be whether the allergist is collecting pollen 
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and mold spores, or just pollen on its own.  The next is deciding if pollen collection is happening 
on a 1-day, 3-day, 5-day, or 7-day frequency.  This is what takes the most time commitment.  
According to the ACAAI, the next action is to choose a collection site for the pollen sampler.  
Allergists set up their Pollen samplers on rooftops at an ideal height of 30 feet above the ground 
(30 to 60 ft).  Dr. Mary Jelks’ set up the Burkhard Spore Trap on the chimney of her house in 
Sarasota, Florida.  It was about 25-30 feet off the ground, so it was able to capture the pollen 
evenly.  One issue that may come about from her collection is trying to account for all the 
pollinating trees in that neighborhood.  In this neighborhood, there are many trees of primarily the 
Oak species, so the counts are not as evenly distributed as they would be in a more open 
environment. The spore sampler is set up clear of any overhanging vegetation that could bias the 
pollen counts.  Airflow is necessary, so the collection site is not set up where any nearby buildings 
could obstruct pollen flow (Levetin 2004).  The only issue with open airflow is that it is difficult 
to track how far certain pollens travel.  Barriers can be relieving for allergy sufferers, but it is 
difficult for allergists to collect accurate samples in a highly urbanized area.   
Throughout Dr. Mary Jelks’ pollen collection, she used a Rotorod Pollen Sampler for the 
first 20 years and a Burkhard Spore Trap for the last 10 years of her data collection.  There are 
clear benefits to using the Burkhard over the Rotorod for accurate counts.  The Rotorod slide is 
coated with grease and spins at 2400 rpm.  Pollen grains and spores are collected in the grease of 
the slide and held until counted.  The downside to the Rotorod is that it only collects spores greater 
than 10 µm. The Burkhard Spore Trap uses a 7-day sampler head that collects pollen and spores 
less than 5 µm.  This allows for greater accuracy for smaller fungal and mold spores.  The Burkhard 
also allows for time discretion by analyzing diurnal rhythms in pollination.  Another benefit is that 
the Burkhard uses slides that allow for permanent collection and future reference (Levetin 2004).   
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2.3 Meteorological Data 
The meteorological data for this thesis was collected at the Sarasota/Bradenton Airport 
from the National Oceanic and Atmospheric Administration (NOAA).  The data includes high and 
low temperatures, rain, humidity, wind speed, and wind direction. The temperature values are in 
degrees Fahrenheit, rain is in inches, and humidity is the percentage of water vapor saturation of 
the air. The wind speed is in miles per hour (mph).  The wind directions were converted into 
degrees because the SPSS software does not include text into modeling.  There will be a north-
south and east-west component included accounting for 0 and 360 degrees being the same 
direction.   Due to having one collection site, the wind variables provide where pollen grains are 
traveling from in this region.  To be able to forecast pollen counts, the meteorological data was 
collected for the years 2012-2015. These 3 years would be used to predict pollen counts from the 
stationary 2001-2011 individual species models. The NOAA data for 2012-2015 did not have the 
humidity data provided, so a humidity time-series model was created in order to predict the values 
of humidity. These values will be used to predict pollen counts for further modeling.   
 
2.4 Modeling Techniques 
Throughout this thesis, the modeling is based upon the SPSS Statistics 24 Expert Modeler. 
The Expert Modeler uses the Autoregressive Integrated Moving Average (ARIMA) technique for 
forecasting and is the main forecasting tool used for this thesis. Inside the Analyze toolbar of SPSS 
lies the Forecasting tool for ARIMA models. Selecting the Create Traditional Model opens the 
SPSS Expert Modeler for ARIMA modeling.  
The primary modeling technique that used for this thesis comes from Liu et al. (1992) and 
from Shih (2008). These papers focus on the Box-Jenkins ARIMA models. Liu et al. (1992) 
13 
 
provide a manual for the autoregressive integrated moving Average model (ARIMA). Liu’s paper 
is the manual for how IBM’s SPSS Statistics 24 Expert Modeler creates time series models. The 
Box and Jenkins ARIMA model is different from the classical ARIMA model, in that it adds a 
difference multiplier to address for seasonality. This model is suited for this particular dataset for 
Sarasota, Florida because of its non-stationarity.   
The pollen data for Sarasota, Florida is considered non-stationary data because it doesn’t 
follow a statistical mean, variance, autocorrelation, etc. over a constant period of time. This is due 
to the seasonality of pollination. To create the ARIMA model for pollen forecasting, a stationary 
model must be created within the IBM Statistics 24 Expert Modeler and later applied to the whole 
nonstationary dataset. This stationary model is applied to the dataset that includes the 
meteorological from 2012-2015. 
Choosing the method of modeling is important for the forecasting tools because of the 
different outputs. The ARIMA modeling method for SPSS will explicitly include every one of the 
independent variables into the model. However, forcing all seven meteorological variables into the 
model would make the model insignificant, which is why the Expert Modeler (ARIMA) is chosen 
for this thesis.  
The Expert Modeler method provides different outputs than the ARIMA model method. 
The Expert Modeler will only include the independent variables that are statistically significant to 
the overall model. There may be seven meteorological variables going into the model options, but 
only the significant predictors will be included. The Expert Modeler is programmed to create the 
model that best fits the observed data. The resulting method from the Expert Modeler will be 
stationary, but the overall dataset is a non-stationary dataset. Once the model is created in the 
Expert Modeler, it will be exported and applied to the raw data that includes meteorological data 
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for the following 3 years. Once applied to the raw data, the output will include the statistics from 
the original stationary model and the forecasted values for the observed data and the latter 3 years’ 
worth of data.  
The time series modeler in SPSS Statistics 24 also provides the statistics for the Stationary-
R Squared, R-Squared, Model Significance, and Outliers. For modeling purposes on this dataset, 
the outlier option was set to 100% for all species except for the mold spores. Setting it to 100% 
forces the Expert Modeler to include the entire dataset with no outliers.  
For this thesis, the Expert Modeler was used for all the initial modeling and for the 
finalized models for thesis forecasting. This method was decided upon because it would answer 
the first question of this thesis of finding the significant meteorological predictors for the 
individual species for this region.  
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3.0 Model Results 
 This section addresses the final models and their predictors of the individual species of 
this thesis.  Models were determined by picking models with the greatest number of predictors, 
highest stationary R-squared, and the lowest significance value. The models in the sections 
below will follow these qualifications. It will also address the ever-changing phenology of these 
species as well. The latter portion of the results section will cover the limitations that were 
associated with this dataset and with the different models.  
 
3.1 Total Pollen 
 Initial modeling began by analyzing the overall pollen totals of all the pollen species 
combined, but does not include mold spores. This model was performed using a different 
methodology than the individual species’ models. This model used the monthly averages to 
determine the significant meteorological variables contributing to total pollen counts.  Total 
pollen was modeled without the independent meteorological variables due to the changes in the 
pollination seasons. Predicting total pollen counts against this dataset would be inconclusive due 
to each species having their own predictors. Using the historical monthly averages for total 
pollen provides a baseline of what pollen concentrations can be expected for years into the 
future. The individual species are modeled based on the predicting meteorological variables and 
the predicted values can be added to result in a predicted total pollen value. The pollen counts for 
the total pollen model are driven by the oak counts more than any other species. This overall 
value can be useful for allergists to prepare medications for the upcoming pollen seasons.  
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Figure 3.1.1: Total Pollen Forecast Model 2001-2011: Historical Monthly Averages. Forecasted 
values (Blue) overlaid upon observed values (Red). 
 
 
3.2 Oak 
 The oak forecasting model was created using the same methodology provided by the 
Expert Modeler on IBM’s SPSS Statistics 24. The model created was an ARIMA (0, 1, 12) 
model or primarily based on the difference and moving Average statistics. The resulting model is 
shown in table 3.2.1, and figures 3.2.1 and 3.3.2. The resulting Oak model was chosen due to the 
0.236 stationary R-squared and 0.00 significance statistics. These results were chosen because 
this was the most accurate model created in the Expert Modeler. For this model, none of the 
observations were available to as outliers. The model statistics are shown below in table 3.2.1.  
 When the model is broken down into the significant months of pollination, March, April, 
and May, The stationary R-squared increases to 0.549, 0.319, and 0.556 respectably. The April 
stationary R-squared is unreliable due higher values of Oak pollen in April of 2010. The model 
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for March and May show that future research will need to be done by breaking down the models 
into monthly concentrations.  
Table 3.2.1: Oak Model Statistics 
 
 The oak forecasting model was based on the parameters below. The significant predictors 
for forecasting oak counts in Sarasota, Florida are maximum temperature, humidity, wind 
direction, and the natural log of wind speed. The natural log of wind speed was selected because 
in every model created, a transformation was required. This also raised the stationary R-squared 
and provided more accurate forecasting. Wind direction also played a significant role in this 
model. This shows the oak trees in relation to collection site are providing significant pollen 
counts.  
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Table 3.2.2: Oak ARIMA Parameters 
 
 Below is the best-fit oak model projected over the observed oak pollen counts. The model 
forecasted that there were multiple negative pollen counts, which is clearly impossible.  The 
values between the months of June-November are modified to equal 0, due to the lack of 
pollination during these months. If values are predicted as negative during normal pollination 
months, then the value would either equal 0 or would be selected at the discretion of the 
meteorologist. If the value was to be determined by a meteorologist, the specific meteorological 
conditions for that day would determine the value.   
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Figure 3.2.1: Oak Forecast Model 2001-2011: Forecasted values (Blue) overlaid upon observed 
values (Red). 
 
3.3 Cypress 
 The cypress-forecasting model for Sarasota, Florida follows the same methodology 
provided in IBM’s SPSS Statistics 24 Expert Modeler. The Expert Modeler created an ARIMA 
(1, 1, 10) model, which is a true autoregressive integrated moving Average model. This Cypress 
model was chosen due to the 0.356 stationary R-squared and 0.000 significance value. For this 
model, 0 outliers were selected. 
 When the cypress model was broken down into monthly models, the resulting stationary 
R-squared values were 0.254 and 0.584 for March and April. These models provided more 
accurate Cypress pollen counts for their specified months.   
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Table 3.3.1: Cypress Model Statistics  
 
 The ARIMA parameters for this model are different compared to the Oak model due to 
the transformations required. Initial models for the Cypress pollen counts were run using the raw 
meteorological data, but the only predictor that returned was maximum temperature. When the 
Cypress model was run against the natural log of the meteorological data, it resulted in a 
significantly higher stationary R-squared and lower significance value. When analyzing the 
Cypress counts against the transformed data, maximum temperature, minimum temperature, 
humidity, and wind speed were the resulting predicted values. Table 3.3.2 shows the resulting 
parameters for the Cypress forecast model for 2001-2011. 
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Table 3.3.2: Cypress ARIMA Parameters 
 
 The model in Figure 3.3.1 shows the forecasted values projected over the observed 
cypress pollen counts. This model, like the oak model, has negative forecasted values. These 
values need to be adjusted to either a value of 0 or to a value at the discretion of a meteorologist. 
Further research will also need to be done to break down this model further.  
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Figure 3.3.1: Cypress Forecast Model 2001-2011: Forecasted values (Blue) overlaid upon 
observed values (Red). 
 
3.4 Grass and Ragweed 
 This section will cover the resulting models for the Grass and Ragweed species. 
Compared to the tree modeling, there are no distinct beginnings and ends to the pollen seasons. 
These species created difficulty in modeling due to nearly year-round pollination in the Sarasota, 
Florida area. Both models were created using IBM’s SPSS Statistics 24 Expert Modeler. 
  The resulting grass model chosen was an ARIMA (0, 1, 4) model, which is primarily an 
integrated moving average model. The grass forecast model in table 3.4.1 was chosen because of 
the stationary R-squared of 0.379 and a significance value of 0.12.  
 The grass forecast model was not broken down into months for this project. This was due 
to the variability in peak months. If this model was to be broken down, the months of May-
November would be needed. This provides an opportunity for further research in the future.  
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Table 3.4.1: Grass Model Statistics 
 
 The ARIMA parameters for the Grass forecast model are shown in table 3.4.2 below. The 
grass forecast model resulted in 5 predictors for the 2001-2011 dataset. These predictors are 
maximum temperature, precipitation, humidity, wind direction, and wind speed. Wind direction 
and wind speed play a significant role in collecting pollen counts because it takes significant 
gusts to lift grass pollen spores high enough into the air to be captured.  
Table 3.4.2: Grass ARIMA Parameters 
 
 In figure 3.4.1, the Grass forecast model for 2001-2011 shows the best-fit model 
projected over the observed Grass pollen values. In the latter end of the decade the Grass 
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observations begin to rise, and this increase could potentially alter the models value. This 
increase also presents an opportunity for further research to show why this is occurring.  
 
Figure 3.4.1: Grass Forecast Model 2001-2011: Forecasted values (Blue) overlaid upon 
observed values (Red). 
 
 The ragweed-forecasting model for 2001-2011 had very comparable results compared to 
the grass-forecasting model. This ragweed model was chosen due to the highest stationary R-
squared and lowest significance of any model performed on this species. The resulting model 
had a stationary R-squared of 0.330 and a significance value of 0.159. This ragweed model was 
an ARIMA (1, 1, 9) model, which is a full autoregressive integrated model using a lag on the 
moving Average.  
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Table 3.4.3: Ragweed Model Statistics 
 
 The ARIMA model parameters were like the grass model. For ragweed, maximum 
temperature, average temperature, precipitation, humidity, and wind direction were the major 
predicting variables. This is slightly different compared to Grass by having average temperature 
instead of wind speed. This could mean that ragweed can be lifted to higher altitudes with fewer 
wind gusts.  
Table 3.4.4: Ragweed ARIMA Parameters 
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 Figure 3.4.6 shows the ragweed model below. In this model, the forecasted values are 
projected over the recorded observations. The forecasted model tends to be a smoother trend line 
than the other models. In this model, the trend line should follow almost exactly to the observed 
data due to the lack of outliers.  
 
Figure 3.4.2: Ragweed Forecast Model 2001-2011: Forecasted values (Blue) overlaid upon 
observed values (Red). 
 
3.5 Mold Spores 
 In this section, the mold spores, Alternaria and Cladosporium, were modeled using the 
same methodology from IBM’s SPSS Statistics 24 Expert Modeler. Both models have similar 
parameters, but drastically different statistics. This could be due to the differences in sporulation 
cycles and peak periods.  
 In the Alternaria forecasting model for 2001-2011, the model is an ARIMA (1, 1, 15) 
model, which is an autoregressive integrated model with a lag on the moving average. This 
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Alternaria model was chosen for its 0.367 stationary R-squared and significance of 0.000. There 
were no outliers selected for this model because the data was cleaned prior to modeling.  
Table 3.5.1: Alternaria Model Statistics 
 
 For the Alternaria forecasting model, maximum temperature, minimum temperature, 
precipitation, humidity, wind direction, and wind speed are the significant predictors for the 
observed counts. This is all the meteorological variables, except for average temperature for the 
day included in this model.  
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Table 3.5.2: Alternaria Model Parameters 
 
 
 
 
 
 
 
 
 
29 
 
 In the Alternaria forecasting model, figure 3.5.1, the forecasted values are projected over 
the observed Alternaria counts. The forecasted value, like the other models, have negative 
predicted values. These can be adjusted by exchanging a value of 0 for the resulting negative 
value. This model also presents more of a smoother trend than what is observed.  
 
 
Figure 3.5.1: Alternaria Forecast Model 2001-2011: Forecasted values (Blue) overlaid upon 
observed values (Red). 
 
 The Cladosporium model seems to have the most favorable statistics of any of the 
forecasting models throughout this project. The Cladosporium model results in a stationary R-
squared of 0.884 and a significance of 0.015. This stationary R-squared for this model was 
significantly higher than any other model. This model may also have a significantly higher R-
squared value due to more of a linear trend of observed values. This model also had 35 outliers 
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listed when modeling. This is due to the questions regarding extreme values, and if they were 
human error or not.  
 This model cannot be broken down into monthly categories due to the constant 
sporulation throughout the year. This constant sporulation creates issues with knowing the 
specific contributors to counts.  
Table 3.5.3: Cladosporium Model Statistics 
 
 As discussed in the Alternaria model, the Cladosporium model has similar parameters. 
The Cladosporium has maximum temperature, minimum temperature, precipitation, humidity, 
wind speed, and wind direction as the significant predictors. These are the same predictors as the 
Alternaria model above.  
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Table 3.5.4: Cladosporium ARIMA Parameters 
 
The Cladosporium model in figure 3.5.2, shows the smoother trend in pollination due to a 
year-round cycle. Without the distinct beginning and end to the pollination period, it is more 
difficult to determine whether the meteorological variables play a significant role in forecasting. 
The state of Florida is in a climate that is more suitable for the Cladosporium species, and allows 
it to flourish year-round.  
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Figure 3.5.2: Cladosporium Forecast Model 2001-2011: Forecasted values (Blue) overlaid upon 
observed values (Red). 
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4.0 Phenological Cycles 
 This section will address the resulting phenological changes for the specific species in 
this thesis. It will also address the Average peaks and periods over the past decade. The reason 
for these phenological changes is yet to be determined, but could be addressed in future research.  
 
4.1 Oak Pollination 
Throughout this project, only two of the species provided distinctly pollination periods 
where the beginning and end of the seasons were clearly marked. Oak was one of those species. 
Figure 4.1.1 shows the pollination periods for the Oak species from 2001-2011. The average 
peak pollination date between 2001-2011for the Oak species is March 8th. The median 
pollination peak is March 7th. The average start date to the Oak pollination season is November 
30th and the Average end date is May 16th.  The start date moved an Average of 6 days earlier 
throughout the past decade. The end date moved an average of 16 days later over the 10-year 
study. These changes equate to a phenology change of extending the pollination season by 22 
days from 2001-2011. The median pollination period from 2001-2011 for Oak was November 
30th-May 17th. The Oak species phenology extended by 10 days over the 2001-2011 span, and 
the Average peak moved 1 day earlier into the year.  
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Figure 4.1.1: Oak Pollination 2001-2011 (Beginning on January of every year of the pollen 
collection) 
 
4.2 Cypress Pollination 
 Another species within this study that provides a distinct pollination cycle is the Cypress 
tree species. Figure 4.2.1 shows the pollination periods for the Cypress species for 2001-2011. 
The average peak for Cypress from 2001-2011 was February 18th. The median peak for Cypress 
was February 16th. The median pollination period for the 2001-2011 study period for the Cypress 
species was December 13th-April 23rd. The start date for Cypress pollination moved an average 
of 4 days later throughout the 2001-2011 study. The end date moved an average of 6 days earlier 
into the season. That equates to a phenology change shortening by 10 days. The Cypress season 
may have shortened by 10 days, but the average peak moved 5 days later into the year.  
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Figure 4.2.1: Cypress Pollination 2001-2011 (Beginning on January of every year of the pollen 
collection) 
 
4.3 Grass and Ragweed Pollination 
 This section includes both the pollination periods of Grass and Ragweed species. These 
species do not provide distinct beginning and end to the pollination seasons compared to the tree 
species above.  
 The Grass species had random peaks between the months of May-August, with a peak in 
November in the year 2011. Figure 4.3.1 shows Grass pollination from 2001-2011. This graph 
shows how Grass pollinates nearly year-round in Sarasota, Florida. This random peaking created 
an Average peak date of July 7th, but a median peak date of July 25th. This creates issues 
determining the exact change of phenology for the 2001-2011 study period. The average 
pollination period for the 2001-2011 study period for Grass was March 7th-December 25th.  The 
Grass phenology extended by a span of 14 days over the past decade. This is due to the Average 
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start date of grass pollination coming 17 days later into the year and the end date moving 31 days 
later into the year. The end date for grass pollination moved from mid-December to nearly mid-
January of the following year.  
 
Figure 4.3.1: Grass Pollination 2001-2011(Beginning on January of every year of the pollen 
collection) 
 The Ragweed pollination from 2001-2011 has a similar trend to the Grass pollination 
with sporadic peaks in pollination. Figure 4.3.2 shows that the peak dates for Ragweed fall 
primarily between August and September, but few years fell between May-June and as late as 
November. The Average peak of Ragweed pollination for 2001-2011 was August 23rd, and the 
median peak was September 11th. The Average pollination period was April 6th-November 14th 
for Ragweed. The overall phenology changes for the Ragweed pollination periods of 2001-2011 
shows an extension of the pollination period by 19 days.  
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 Both the Grass and Ragweed pollination periods from 2001-2011 have sporadic peaks. 
This causes further issues in modeling the ever-changing seasons, and the reason nonstationary 
ARIMA modeling was chosen for this thesis.  
 
Figure 4.3.2: Ragweed Pollination 2001-2011(Beginning on January of every year of the pollen 
collection) 
 
4.4 Mold Sporulation 
 The mold spores in this project present issue with modeling due to constant sporulation 
throughout the 2001-2011 study period. Mold spores tend to peak towards the later more humid 
summer months of June-August, but there is not a distinct peak or beginning/end of the season. 
Figures 4.4.1 and 4.4.2 show the constant sporulation from 2001-2011. Models for Alternaria 
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and Cladosporium will provide the significant meteorological variables in predicting levels of 
mold spores.  
 
Figure 4.4.1: Alternaria Sporulation 2001-2011(Beginning on January of every year of the mold 
spore collection) 
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Figure 4.4.2: Cladosporium Sporulation 2001-2011(Beginning on January of every year of the 
mold spore collection) 
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5.0 Limitations 
Due to minimal literature on this topic, this thesis worked in a region with few articles to 
back up the research..  Working on the original 35-year-old study from 1979-1981 provides some 
background, but will not provide the accurate models that the National Weather Service, news 
stations, and allergists require (Bucholtz et al. 1991).  This predictive model will change the 
method of analyzing pollen counts. Due to phenology changes in the Tampa Bay area, there have 
been changes in pollination periods between the 1979-1981 study and the 11-year study from 
2001-2011.  This is something that causes difficulty when comparing the two data sets.   
Another issue that comes up when attempting to create a model such as this is the 
discrepancies between many different published models.  Due to the lack of technology when it 
comes to this type of study, the collection methods are outdated and differ between many different 
studies.  Many studies use different measurements, analysis tools, collection heights, the frequency 
of collection, etc.  
Technology also causes issues because of the inability to breakdown specific pollen grains 
into their individual species. Grass is a prime example of this issue, and cannot be broken down 
into the particular grass species during pollen collection. Due to the inability of pollen species 
identification, grass is shown as pollinating year-round. As mentioned earlier, grass pollination 
could not be broken down into a monthly analysis.  
Another issue that came up with only 11-years’ worth of data is that it may not be enough 
to address the conditions of global climate change. If this model was going to be based on the 
original 30-years’ worth of data that Dr. Mary Jelks collected then there could be deeper analysis 
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into the changing climate.  If the full data set was in play for this model, then there could be 5-7 
years set aside to determine the model’s accuracy.  A model based on a data set from 2001-2011 
will be accurate for the next 10-15 years but will need to be updated further into the future. 
Unfortunately, because there is only one collection site there is no spatial aspect to this thesis only 
statistical significance. The data set that Dr. Mary Jelks collected through the years is detailed and 
will contribute greatly throughout the field of biometeorology, but may not provide the accuracy 
over a large-scale region. This project will require upkeep to stay relevant in for meteorologists 
and allergists in the South Florida region.  
This project contributes greatly to the local Sarasota County medical field.  Hospitals and 
clinics will have a projected timeframe of when to stock up on allergy and asthma medication for 
a heavy pollen season.  With ever-changing pollination seasons due to climate change and 
significant weather events like El Nino or La Nina, there is a need for forecasting of pollen counts.   
This project had multiple areas of limitation, but it provides a framework for future pollen research.  
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6.0 Conclusion 
 The models developed above were created to determine the meteorological variables that 
can be used to predict pollen counts for specific species. The stationary R-squared results for 
each species represent the best models that could be created with dataset provided. The 
meteorological predictors for each species are location specific and will need to be modified to 
model different regions. The resulting forecasts for 2012-2015 for each species have a wide 
range of error, but that is addressed with knowing the phenology for individual species. The 
resulting forecasts have also been created with a smoothing trend that shows the periods of 
beginning and end for the pollination seasons. The main objective of this project was to move 
away from historical averages, but it has been concluded that historical average models are 
needed to create a baseline for forecasting models based on meteorological conditions. These 
results also provided an answer to which meteorological predictors could be used to forecast 
pollen counts. The assumption for this project was that humidity and precipitation were going to 
be the driving predictors for pollen forecasting, but that was only partly true. Humidity was a 
predictor for every species in this project, but precipitation was only a predictor in Grass, 
Ragweed, and the mold spores. Maximum temperature played a significant role in every one of 
the forecast models. This matters in the state of Florida due to the changes in temperatures 
throughout the different times of year and the relative impact from winds off the Gulf of Mexico.  
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7.0 Future Research 
 As a result of the present project, further research will need to be conducted to answer the 
following concerns. 
 The size of the dataset matters in order to address questions regarding outside influences, 
such as global climate change, El Nino, or La Nina. The initial dataset for this project was 
conducted on pollen counts for a span of 30 years from 1980-2011. Unfortunately, the first 20 
years were lost on a floppy disk. With a 30 year dataset, questions such as climate change could 
begin to be addressed.  
 Further modeling could be performed by breaking down the data into the particular 
months of pollination. For Oak, in particular, the months of June through November could be 
marked as a value of 0 because Oak trees are not pollinating during the Fall months. If the 
models are broken down into the specific months of pollination, the stationary R-squared values 
are significantly higher. This shows the need to break down the modeling into smaller 
increments of time for forecasting.  
 USF Health is working on a DNA project to develop a high throughput method of 
identifying different genera of pollens in a sample. Each slide takes about 2 hours to count, so 
certified pollen counters are required for every collection site, or a central lab that does nothing 
but count pollen is needed. With this molecular identification, multiple samples can be counted 
at once, which cuts down on the variability of pollen counters due to human error. The difficulty 
with this approach is sensitivity or specificity – how little of the pollen DNA can be detected and 
how well the different DNAs can be detected in a mixed sample. This research will be used to 
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modernize pollen analysis, and updated forecasting models will assist in the predictability of 
pollen counts.  
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